ABSTRACT Received signal strength (RSS) is a typical type of measurements used for indoor fingerprint localization on wireless local area network platform. To make good use of RSS information, we rely on the hypothetical test approach to perform localization with the optimized access points (APs). Specifically, in offline phase, the operating characteristics function is used to minimize the sample capacity of fingerprints at each reference point, and meanwhile the APs are optimally selected based on the concept of information gain criterion. Then, in online phase, the F-test and T-test approaches are used to conduct the RSS variance and mean test, respectively, with the purpose of achieving RPs matching, namely coarse localization. After that, the density-based spatial clustering of applications with noise is developed to realize fine localization with the improved accuracy performance. The extensive experimental results demonstrate that the proposed system is able to avoid the blindness of fingerprints collection as well as improve the effectiveness of fingerprints matching especially under the small sample capacity of fingerprints.
I. INTRODUCTION
Since the performance of Global Positioning System (GPS) degrades significantly in indoor or underground environment, various indoor localization systems have been applied in many kinds of Location-based Services (LBSs), such as parking cars in underground parking lot, navigating passengers in unfamiliar airport, and pushing advertisements to customers in large shopping mall. The imperious demand of system flexibility leads to the diversity of measurements used for indoor localization [1] , such as Ultrasonic Wave (UW) [2] , [3] , Infrared Ray (IR) [4] , Ultra Wide Band (UWB) [5] , Radio Frequency Identification (RFID) [6] , [7] , and Wireless Local Area Network (WLAN) [8] - [11] . Among them, the WLAN fingerprint localization is more favored on account of its good environmental adaptability and low infrastructure cost. Specifically, in offline phase, the Received Signal Strength (RSS) at each Reference Point (RP) is collected to construct a fingerprint database, and then in online phase, the newly-collected RSS is matched against the pre-constructed fingerprint database to obtain the optimal location estimate of the target. To achieve this goal, Small et al. [12] propose to use the Manhattan distance to measure the similarity between the fingerprints, and the location corresponding to the most similar fingerprint to the new RSS is selected as the estimate of the target. Similarly, Saha et al. [13] rely on the Euclidean distance to depict fingerprints similarity. Torres-sospedra et al. [14] claim that the Sorensen distance plays better than the Euclidean distance since the former one not only takes the relative distance between the RSS data into account, but also distributes relatively larger weights to the RSS data collected at the locations closer to any AP. Kushki et al. [15] use the kernel function to map the fingerprints (with the dimensions equaling to the number of APs) into the vectors in a higher dimensional feature space with the purpose of improving the separability of fingerprints. However, the above-mentioned studies have not considered the sample capacity of fingerprints and RSS variation property, which will deteriorate the effectiveness and efficiency of fingerprint localization. To deal with this problem, a new cost-efficient indoor localization approach is proposed to optimize the sample capacity as well as AP number and locations. In concrete terms, our system consists of the offline and online phases. In offline phase, the Operating Characteristics (OC) function and information gain criterion are considered to minimize the sample capacity at each RP and find the optimal APs for localization respectively, and then in online phase, after conducting the F-test and T-test on the RSS variance and mean respectively, the Density-based Spatial Clustering of Applications with Noise (DBSCAN) is developed to perform fine localization.
All the experiments are conducted in an actual indoor environment based on WLAN platform to demonstrate the system practicability. The three main contributions of this paper can be summarized as follows.
a) The OC function and information gain criterion are considered to construct a cost-efficient fingerprint database.
b) The DBSCAN is developed for fine localization based on the coarse localization results of conducting the F-test and T-test on the RSS variance and mean respectively.
c) The extensive experiments in an actual indoor WLAN environment demonstrate that our system is capable of providing the effective and efficient location estimate of the target.
The rest of the paper is organized as follows. Section 2 shows some related works. In Section 3, the sample capacity of fingerprints is minimized to construct a cost-efficient fingerprint database. Section 4 illustrates the process of AP optimization based on the concept of information gain criterion. In Section 5, the coarse localization is performed by conducting the F-test and T-test on the RSS variance and mean respectively. Section 6 presents the idea of DBSCANbased fine localization. The experimental results are provided in Section 7. Finally, we conclude the paper in Section 8.
II. RELATED WORKS
In this section, we collect by rich literatures on the existing indoor localization systems, which can be classified into two representative categories, triangulation-and scene analysisbased localization systems.
A. TRIANGULATION-BASED LOCALIZATION SYSTEMS
Triangulation-based localization systems depend on the geometrical property of signal propagation to perform localization by using the Angle of Arrival (AOA) [16] - [18] , Time of Arrival (TOA) [19] , and Time Difference of Arrival (TDOA) [20] measurements. Although the angle measurement is featured with high location resolution, it is required to use specially designed antennas to distinguish different signal paths. By using the time measurement for localization, the distance from each AP to the target is calculated by multiplying the propagation speed with travel time.
To guarantee the calculation effectiveness, the time synchronization between the APs and target is strictly required, and thereby the system robustness is limited.
B. SCENE ANALYSIS-BASED LOCALIZATION SYSTEMS
Scene analysis-based localization works by using the characteristics of RSS data [21] . As one of the most representative scene analysis-based localization systems, the UW localization system [2] is with high accuracy performance, but it is easily suffered by the multi-path fading. The IR localization system [4] can only be applied to the point-to-point mode since it is vulnerable to the interference of unexpected light. The UWB localization system [5] is difficult to be popularized due to the problems of the short ranging and requirement of extra contact lines. The performance of RFID localization system [6] may deteriorate seriously when the signal is blocked by the metal. The WLAN localization system is based on the fingerprint database construction, which is mostly time consuming and labor intensive.
To solve the overhead problem of fingerprint database construction, many studies attempt to avoid the process of manual fingerprinting like using the propagation models. To achieve this goal, the Log-distance Path Loss (LDPL) model [21] , attenuation factor model [22] , Motley Keenan (MK) model [23] , and RADAR model [24] are employed to construct the fingerprint database. The LDPL model assumes the logarithmic loss of RSS with the distance. The attenuation factor model is featured with strong flexibility under the well-tuned loss coefficient. The MK model takes the RSS attenuation by the walls and floors into account to a great extent. The RADAR model well depicts the RSS fluctuation which is caused by the obstacles between each AP and the target. On the other hand, the signal interpolation approach can also help a lot in reducing the overhead of fingerprint database construction [25] , [26] . As an example, the Gaussian Process Latent Variable Model (GPLVM) [26] constructs a topological connectivity graph to estimate the corresponding locations of unlabeled RSS data. The Modelbased Radio Interpolation (MRI) [25] infers the RSS based on the propagation model for each virtual AP. The Kriging algorithm [27] enriches the raw fingerprint database by using the linear trend approach to estimate the RSS at unmarked locations. The compressive sensing [28] increases the granularity of fingerprint database to achieve good refinement of fingerprints. The manifold alignment [29] predicts the RSS fluctuation based on the mapping relations between the signal and physical spaces.
III. SAMPLE CAPACITY MINIMIZATION A. RSS PROPERTY
In target environment, we define the RSS sequence collected at the i-th(i = 1, · · · , n) RP as RSS i = {rss i1 , · · · , rss im }, where rss ij =(rss ij1 , · · · , rss ijr )(j = 1, · · · , m), n and r stand for the number of RPs of APs respectively, and m is the length of RSS sequence. According to the central limit theory of great numeral [30] , the distribution of random variable tends to be the normal one when the number of experiments is sufficiently large. Based on this, we set the mean and variance of RSS data from the l-th(l = 1, · · · , r) AP, rss i1l , · · · , rss iml , as E(rss ijl ) = µ 1 and D(rss ijl ) = σ 2 respectively, and then the corresponding standardization of the sum of RSS data can be written as
The equation above indicates that when the value m is sufficiently large, F m (x) will tend to the normal distribution. Since the mean of RSS data from the l-th AP equals toX = m j=1 rss ijl /m, the distribution ofX approaches the normal one with the mean µ 1 and variance σ 2 /m.
B. HYPOTHETICAL TEST
Setting µ, µ 1 , andX as the idealistic, population, and sample mean of RSS data at a given RP, we define the error acceptance range as |µ 1 − µ| ≤ σ . Based on this, we construct the hypothesis test model as
where δ (> 0) is a given threshold. Then, the OC function is defined as
where λ = √ m (µ 1 − µ)/σ . When the truth is |µ 1 − µ| ≤ δ but the wrong decision |µ 1 − µ| > δ is made by the hypothesis test, the mistake of discarding the truth will occur, notated as P {H 0 is true, but reject H 0 }. To control this mistake to a certain extent, we require the probability of making such wrong decision not over a given threshold α (∈ (0, 0.1)) [31] .
We assume that β (µ 1 ) = P µ 1 (accept H 0 ) ≤ β 1 , and then By setting β 1 as 0.01, which is also used in [32] , the value φ (x) will approach 1 when x > 3.5. In addition, the sufficiently large value m leads to φ (
IV. AP OPTIMIZATION
Considering the propagation property of the signal and geometrical structure in target environment, we use the concept of information gain criterion [33] to perform AP optimization. Specifically, we label each RP with r features, where the l-th(l = 1, · · · , r) feature is the mean of RSS data from the l-th AP. Then, according to the location resolution of each AP, we select the APs corresponding to the highest location resolution as the ones for localization. In concrete terms, we first calculate the desired information with respect to the target environment as
where p i is the prior probability of the i-th RP, which equals to 1/n when the target is assumed to be equally likely to be located at each RP. Second, for each AP, we divide the RPs into v categories, notated as
is the i-th set of RPs with the same RSS for the l-th AP, and then calculate the corresponding conditional entropy as
where
p lij log 2 (p lij ) and card (V li ) represents the number of RPs in V li . Third, we define the information gain with respect to each AP as
Finally, the larger information gain indicates the higher location resolution of the corresponding AP. Based on this, the first w APs with the largest information gain are selected.
V. COARSE LOCALIZATION
To perform coarse localization, we conduct the F-test and T-test on the RSS variance and mean respectively. The purpose of F-test is to examine the difference of RSS variance at two different locations under the situation that their population mean and variance of RSS data are unknown. For the locations with the same RSS variance, we continue to conduct the T-test on the RSS mean, and then the RPs with the same RSS mean to the target are selected as the matched RPs. (rss i jl −Ȳ ) 2 /(m 2 − 1). Then, the two-side hypothesis test model is constructed as
2) F-TEST STATISTIC
Based on the property of χ 2 distribution, we have
Using the sample variance of RSS data to test the corresponding population one, we construct the F-test statistic as
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3) REJECT REGION Based on (12) , the reject region is constructed as
where the values of k 1 and k 2 are determined by the probability of making the wrong decision of rejecting the truth, such that
By requiring that the probability of making the wrong decision in (14) , namely ''reject the truth'' mistake, is not over α, the values of k 1 and k 2 can be calculated by
where F α/2 and F 1−α/2 stand for the α/2 and 1 − α/2 percentiles in F-distribution. Thus, the reject region is finally obtained as
Based on (16), the RPs with the same RSS variance to the target are obtained as U = {U 1 , · · · , U r }, where U l is the set of RPs without falling into the reject region for the l-th AP. 
B. T-TEST 1) TEST MODEL

We continue to construct the test model for T-test as
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2) T-TEST STATISTIC
After the F-test, we obtain σ 1 2 = σ 2 2 = σ 2 for the RPs belonging to U , and thenX −Ȳ ∼ N (µ 1 − µ 2 ,
). According to the transformation property of normal distribution, we further obtain
and then According to the definition of t-distribution, one has
. Under the condition of µ 1 = µ 2 , which means these two RSS data sets are with the same population mean, the T-test statistic can be expressed as
3) REJECT REGION Based on (22) , the reject region is constructed as where the value k 3 is determined by
Similar to the F-test, we require the probability of making the ''reject the truth'' mistake in (24) not over α, and then the value k 3 can be calculated by
where t α/2 (m 1 + m 2 − 2) is the α/2 percentile in tdistribution. Thus, the reject region is finally obtained as 
4) RPs MATCHING
Based on (26), the result of coarse localization can be described as
In (27) , B AP l = 0 indicates that these two RSS data sets are much likely to be collected at neighboring RPs or even at the same one due to their same population mean, but on the contrary, they are probably corresponding to the far-away RPs. For each localization query, a subset of RPs, G l (⊂ U l ), is selected as the set of matched RPs for the l-th AP.
VI. FINE LOCALIZATION
In our system, we achieve fine localization by conducting the DBSCAN [34] on the matched RPs. The pseudo-code of this process is shown below. Construct a set Q = {RPs in the ε-domain of p}; 8: for each s ∈ Q do 9: if s is unvisited then Label s as the visited one; 10: if Number of RPs in the ε-domain of s ≥ Minpts then add the RPs in the ε-domain of s into Q; 11: if s does not belong to any cluster then add s into M o ; 12: end if 13: end if 14: end if 15: end for 16: Label the cluster ID of the RPs in M o with o; 17: Count the number of RPs in M o ; 18: o := o + 1; 19: else 20: Label p as an outlier which does not belong to any cluster; 21: end if 22: until all the RPs in G have been visited; 23: Find the cluster containing the largest number of RPs, namely maximum cluster; 24: Select the geometrical center of the RPs in maximum cluster as the location estimate of the target.
VII. EXPERIMENTAL RESULTS
All the experiments are conducted on a floor with the dimensions of 57 m by 25 m, as shown in Fig. 1 . Some photos of the deployed APs and developed software for WLAN RSS recording are shown in Fig. 2 .
The Cumulative Density Functions (CDFs) of errors with different value α are shown in Fig. 3 , from which we can find that when 0.02 ≤ α ≤ 0.05, the high localization accuracy can be well preserved. In addition, considering that the overlarge value α cannot effectively constrain the probability of making the ''reject the truth'' mistake, we set α = 0.02 in the results that follow.
2) PARAMETER m
Based on the heat maps of RSS with different sample capacity in Fig. 4, Fig. 5 compares the corresponding Pearson similarity [35] of RSS distributions in each area. By taking the AP3 in area 2 as an example, the Pearson similarity of RSS distributions between m = 30 and 100 is 87.68%, but it decreases to 77.21% when the sample capacity for the former RSS distribution is reduced to 10. Considering both the effectiveness and efficiency of fingerprint database construction, we set m = 30 in our system. The CDFs of errors with different sample capacity is shown in Fig. 6 , from which we can find that with the increase of sample capacity, the localization accuracy generally improves as expected, while when the sample capacity is over 30, the increase of sample capacity has slight impact on localization performance. For example, we calculate that the mean error decreases from 2.65 m to 2.28 m (by 13.96%) when the sample capacity increases from 10 to 30, while it continues to decrease by only 7.02% when the sample capacity increases from 30 to 70.
B. RESULT OF AP OPTIMIZATION
In target environment (see Fig. 1 ), the selected 9 APs are sequenced as AP5, AP8, AP7, AP3, AP1, AP4, AP6, AP9, and AP2 in the decreasing order of information gain. Fig. 7 and 8 show the CDFs and mean of errors by using different number of APs for localization. As can be seen from these results, we observe that with the increase of AP number, the localization accuracy generally improves as expected, whereas it shows an decreasing trend when the AP number is over 7, which can be interpreted by the fact that adding the new APs with small information gain may result in the decrease of location resolution. Therefore, we select the first w = 7 APs corresponding to the largest information gain for localization.
C. RESULT OF HYPOTHETICAL TEST 1) F-TEST Fig. 9 shows the result of F-test by using different APs. From this figure, we can find that most of the RPs belonging to the same or adjacent area to the one where the corresponding Test Points (TPs) are located are selected by the F-test. To show this result clearer, Fig. 10 illustrates the percentages of RPs selected from the area where the TPs are actually located and the corresponding ratios of these RPs and the total number of selected RPs for each AP. Fig. 11 shows the result of T-test by using different APs. By taking the AP6 as an example, the percentages of the matched RPs belonging to the same area to the one where the corresponding TPs are located with respect to area 1, 2, 
2) T-TEST
D. RESULT OF FINE LOCALIZATION
Finally, Fig. 12 compares the CDFs of errors by the proposed and three existing localization algorithms, namely KNN [24] , WKNN [24] , and Bayes [36] . From this figure, we can find that when the sample capacity is over 30, the localization performance of the proposed one varies slightly with the increase of sample capacity, and meanwhile it performs better in constraining the ''tail error'' (e.g., the errors over 10 m) than the others. In addition, when the sample capacity is much small (e.g., m = 10), the proposed one can well preserve the high localization accuracy.
VIII. CONCLUSION
In this paper, we propose a new cost-efficient indoor WLAN fingerprint localization system by using the hypothetical test approach with the reduced time and labor cost for fingerprint database construction. In addition, the OC function is considered to minimize the sample capacity of fingerprints, and meanwhile the APs are optimized by employing the concept of information gain criterion. After that, the F-test and T-test are used to conduct the RSS variance and mean test respectively with the purpose of realizing fine localization by the DBSCAN. Finally, the experiments demonstrate that the proposed system is featured with high localization accuracy as well as good robustness to sample capacity of fingerprints. 
